Abstract: Surface soil moisture (SSM) retrieval over agricultural fields using synthetic aperture radar (SAR) data is often obstructed by the vegetation effects on the backscattering during the growing season. This paper reports the retrieval of SSM from RADARSAT-2 SAR data that were acquired over wheat and soybean fields throughout the 2015 (April to October) growing season. The developed SSM retrieval algorithm includes a vegetation-effect correction. A method that can adequately represent the scattering behavior of vegetation-covered area was developed by defining the backscattering from vegetation and the underlying soil individually to remove the effect of vegetation on the total SAR backscattering. The Dubois model was employed to describe the backscattering from the underlying soil. A modified Water Cloud Model (MWCM) was used to remove the effect of backscattering that is caused by vegetation canopy. SSM was derived from an inversion scheme while using the dual co-polarizations (HH and VV) from the quad polarization RADARSAT-2 SAR data. Validation against ground measurements showed a high correlation between the measured and estimated SSM (R 2 = 0.71, RMSE = 4.43 vol.%, p < 0.01), which suggested an operational potential of RADARSAT-2 SAR data on SSM estimation over wheat and soybean fields during the growing season.
Introduction
Surface soil moisture (SSM) is a key state variable that influences various hydrological, meteorological, agricultural, and risk assessment applications [1, 2] . It is also an important component controlling the partitioning between infiltration and surface runoff [3] , which is the main driver behind the flooding and droughts processes [4] . Information regarding distributed SSM content in agriculture fields is important for assessing water availability during the crop growing season, backscattering models with vegetation backscattering models, in which radiative transfer models are commonly used [34] . Limitations exist within these models due to difficulties in their generalization and massive parameterization requirements [35] . In contrast, the Water Cloud Model (WCM) was revealed [36] as a relatively simple candidate and has been used extensively for decades for SSM retrieval over vegetated regions [37] . To use SAR data for SSM estimation over a vegetated area, vegetation effects have been considered in several studies while using WCM [38, 39] .
SAR backscattering includes mixed signals of vegetation and soil from agricultural fields, while vegetation contributions vary at different growth stages [40] . Therefore, the key issue in the quantitative estimation of SSM is to separate the contributions of vegetation backscattering and soil backscattering from the observed mixed total backscattering. In this paper, a method was developed to retrieve SSM over agriculture fields during the crop growing season. The proposed method uses vegetation coverage to calculate the contribution of the fraction of vegetation and bare soil to better represent the differences in the backscattering from vegetation and soil. The vegetation information is used to correct the SAR observations for vegetation effects that are based on the WCM. The vegetation correction procedure is embedded within a SSM retrieval algorithm, in which the surface scattering component is formulated by the Dubois model [18] . Finally, the developed method is applied to estimate SSM over agriculture fields.
This paper is organized, as follows. Section 2 introduces the study area where RADARSAT-2 SAR images and soil moisture measurements were acquired and used. Section 3 describes the modified model and the SSM retrieval algorithm. In Section 4, the retrieval results and discussion are presented. Finally, the conclusion is given in Section 5.
Study Site and Data Collection

Ground Truth Data Collection
The study area is located in southwest Ontario near London, Canada ( Figure 1 ). It is an agriculturally productive area in Ontario. The dominant crops are winter wheat, corn, and soybean [41] . There are also some alfalfa and hay growing in this area [42] . Winter wheat is usually sown in October of the previous year and harvested in late July to early August the following year; whereas, corn and soybean are usually sown in May and harvested in September or October. As the weather gets warmer in April, winter wheat starts to grow. Therefore, field campaign was conducted in the study area from April to October in 2015 simultaneously with each RADARSAT-2 SAR data acquisition. In addition, the study sites were not irrigated over the entire crop growth stages. It is important to note that vegetation coverage was variable throughout the crop growing season. The vegetation cover was fully open or low at the beginning of the season and it became denser as the crops continued to develop. Figures 2 and Figure 3 show sample ground truth photos of soybean and winter wheat. Within a few hours before or after the RADARST-2 satellite overpasses, ground measurements were regularly collected by Geographic Information Technology and Application (GITA) laboratory at the University of Western Ontario in 2015. For this study, a total of eight fields, including four winter wheat and four soybean fields, were selected for model development and validation. Multiple sampling sites were deployed in each of the study fields to capture within-field variability. Three to ten samples were selected in each field, which resulted in 32 wheat and 27 soybean samples per satellite acquisition. Each sample is separated from others with a distance of at least 50 m. The locations of all sample sites were georeferenced while using a global positioning system (GPS) to reference with satellite imagery. Soil and crop measurements were randomly taken within a 10 m by 10 m area of each georeferenced site. SSM was coincidentally measured with each RADARSAT-2 overpass while using a Theta-Probe Soil Moisture Sensor with the soil depth of 0-5 cm by inserting the rods into the ground vertically for all of the sample sites. For each sample, the mean SSM was calculated from six replicate measurements. Within the study area, a total of 236 sampled data were obtained for the 2015 growing season. The measured SSM in the study area covers a wide range of values, from 4.31 [vol.%] to 38.31 [vol.%] in the study area. Surface roughness was collected at early growth stages using a one-meter long needle profiler of 200 pins, with an interval of 0.5 cm between the pins. For the measured surface roughens of the study area, the root mean square (rms) height ranges from 0.63 cm to 3.95 cm, and the correlation length ranges between 8.89 cm and 24.83 cm. The soil texture data were also collected by A&L Canada Laboratories Inc. (https://www.alcanada.com/) during this period. The primary soils are loamy sand, sandy loam, and loam. Soil texture was reported to have an effect on the dielectric behavior over the entire frequency range and is most pronounced at frequencies below 5 GHz [43] . Previous research has found that soil texture effects decreased with increasing radar frequency [44] . In this study, RADARSAT-2 SAR data (C band, 5.405GHz) was acquired over the study area throughout the growing season. The effect of soil texture on the backscattering coefficient was not considered in this study. Plant area index (PAI) and vegetation coverage were measured at each sample site while using a Nikon D300S camera with a 10.5-mm fisheye lens. The calculation of the PAI is based on Poisson model using gap fraction measurements. More details on fisheye photo collection and subsequent PAI retrieval can be found in Shang et al [45] . Vegetation coverage is defined as the fraction of soil that is covered by vegetation viewed in the nadir direction of the hemispherical photos. The value of vegetation coverage equals to 100% minus the vegetation gap fraction. Vegetation coverage and PAI show a strong exponential relationship ( Figure 4 ). The BBCH (Biologische Bundesanstalt, Bundessortenamt, und CHemische Industrie) phenology and plant height were measured in the general survey. The PAI was not measured at the late growth stages for soybean, as most of the soybean plants had lost their leaves from this point of time (after 13 September). It should be noted that the RADARSAT-2 SAR data were not acquired over the late growth stage of winter wheat and early growth stage of soybean (from 21 May to 16 July 2015, Table 1 ) due to the access conflicts of users. Figure 4 Scatterplot illustrating the relationship between plant area index (PAI) and the percentage vegetation cover using data collected at the study area in 2015.
RADARSAT-2 Data
RADARSAT-2 is a C-band (approximately 5.6 cm wavelength) SAR sensor onboard with multiple configurations and polarization modes. RADARSAT-2 fine beam quad-polarized data with a nominal spatial resolution of 8 m (range resolution: 5.2 m; azimuth resolution: 7.7 m) were acquired over the study area throughout the 2015 growing season ( Table 2 ). The local overpass time of the ascending and descending direction is afternoon and morning, respectively ( Table 2) . A geometric correction model [46] was used for the geometric correction of the RADARSAT-2 SAR images, resulting in an accuracy of around one pixel in both X and Y directions. The images were converted to backscattering coefficient ( ) while using Next ESA SAR toolbox (NEST) that was provided by the European Space Agency (ESA). For speckle noise reduction, a refined Lee filter [47] with a window size of 5 × 5 pixels was applied to the SAR data. Figure 5 illustrates the filtered RADARSAT-2 SAR images over the study area. The original intensity images were blemished with the speckle noise at both HH and VV polarizations. Figure 5a and Figure 5d show that the speckle noise was sufficiently suppressed. To quantitatively analyze the effect of the Lee filter on the SAR images, the common measure for estimation of speckle level in the image, the equivalent number of looks (ENL) o σ was selected. For HH polarization, ENL increased from 1.16 to 20.31; for VV polarization, ENL increased from 1.10 to 19.74. A high value for ENL indicates that the speckle was effectively suppressed [48] . It should be noted that the value of ENL is usually less than the actual number of looks as a result of spatial correlation [48] . Subsequently, the RADARSAT-2 SAR images were resampled to 10 m × 10 m. At different incidence angles, a corresponding SAR signal will exhibit different response to soil moisture. The available dataset has the incidence angle, ranging from 17.49° (FQ1) to 41.27° (FQ20) ( Table 2 ). As the polarization signature can be affected by the incidence angle, a normalization was performed at a reference incidence angle to make the SAR backscattering comparable in order to reduce the effect of local incidence angle effect on the backscatter coefficients [2] . The radar backscattering can be normalized to any other angle using [49] :
where is the incidence angle, is the backscattering observation at incidence angle, is the normalized backscattering coefficient, and is the reference incidence angle, in this case chosen to be 30°. The power index, n, is defined as the slope of a linear fit between and .
The n values varied between 0.2 and 3.4, depending on vegetation type and season [49] . 
Methods
Soil Surface Backscattering
The Dubois model was employed in this study to determine the backscattering of the underlying soil of agricultural fields. Dubois model quantifies the backscattering coefficient from a surface as a function of its roughness parameters (root mean square (RMS) height), its dielectric constant, and the characteristics of the acquired images (polarization, incidence angle, and wavelength). The backscattering coefficient at HH polarization ( ) and VV polarization ( ) are expressed as Where is the incidence angle; is the relative dielectric constant. is the free space wave number given by , is the wavelength in cm; is the RMS height of the surface roughness (cm).
The Dubois model was originally developed to describe the scattering from bare soil only; therefore, vegetation backscattering effects were not incorporated in the model. This model was found to underestimate SSM and overestimate RMS height over vegetated surfaces [50] .
Effect of Vegetation
Vegetation Backscattering
Radar backscattering responds to both surface roughness and SSM over bare soil. However, over agricultural fields, vegetation cover and vegetation characteristics also affect it [51] . The backscattering over the vegetated field is the sum of volume scattering from the vegetation and the surface scattering from the underlying soil. In addition, the backscattering from the underlying soil is attenuated by the vegetation canopy. Therefore, backscattering from the vegetation canopy should be removed to retrieve the SSM. In this study, the WCM was used to reduce the effect of vegetation. The WCM assumes that vegetation consists of a collection of spherical water droplets that are structurally held in place by dry matter [52] . In the WCM, the total backscattering ( ) is represented 
In these equations, is the two way attenuation through the canopy layer, pp is the polarization mode (pp = HH or VV). A and B are model coefficients that depend on canopy type that need the calibration [53] . V is a descriptor of the vegetation canopy. An important part of the vegetation scattering and attenuation is controlled by the leaves, a widely used descriptor to describe the amount of foliage is PAI when referring to all of the light blocking elements [54, 55] . Therefore, the canopy description V were associated with PAI, i.e., V = PAI. To estimate the vegetation parameter A without the roughness, Michigan Microwave Canopy Scattering model (MIMICS) [55] was used to calculate vegetation backscattering coefficients at the sampling sites where ground-based measurements of soil and other ancillary data are available. Afterwards, the value of A was derived while using the least square method, which is an approach in regression analysis to approximate the solution of overdetermined systems. The attenuation factor ( ) was calculated using the method that was described by Wang [56] . is exponentially related to the extinction coefficient, which is statistically averaged over the spherical orientation probability distribution [56] . Subsequently, the value of B was obtained also using the least square method. The Dubois model was used to simulate soil backscattering in the WCM model. This simulation allows for a more realistic SSM contribution in the total backscattering of Equation (4) . The WCM can be further simplified by expanding the attenuation factor while using the Maclaurin series [38] : ,
Combining Equations (7), if only the first two items are preserved in Equation (4), the WCM can be simplified as: ,
A variable substitution is conducted to further simplify Equation (8): ,
With and as the model coefficients.
A Modified Model of Vegetation Backscattering
One assumption of the WCM is that volume scattering is the predominant mechanism that is responsible for the backscattering from vegetation canopy [36] . However, at early growing stages, crop is usually sparse, but this assumption is not always satisfied. To address this issue, a modified Water Cloud Model (MWCM) was developed in this paper. The backscattering contribution of bare soil surface must be considered as a key component of the total backscattering due to the strong influence of underlying surface over sparsely vegetated area. In previous studies [57, 58] , the scattering mechanism for the vegetation cover and bare soil components in a pixel were separated by vegetation coverage. Soil and the vegetation effects are assumed to be independent to simplify the different processes contributing to the total backscattering. Scattering from the interaction between soil and vegetation canopy is neglected. The backscattering coefficient that is measured over agricultural field is described as the sum of soil and canopy contributions weighted by the vegetation 
fractional cover. First, the backscattering was calculated while using a vegetation backscattering model under the assumption that a pixel was fully covered by vegetation. Subsequently, the actual backscattering coefficient from the fraction of the surface covered by vegetation was calculated while using the vegetation coverage. Similarly, the backscattering coefficient for the fraction representing direct backscattering from the bare soil surface was calculated based on the fraction of the bare soil. Therefore, the total backscattering from a pixel can be expressed as:
, (10) where is the vegetation coverage. was calculated using the Dubois model.
Combining Equations (9), Equation (10) can be rewritten as: , Figure 4 shows a strong relationship between LAI and vegetation coverage. The PAI could be expressed by the vegetation coverage. ,
The canopy description V were associated with PAI, i.e., V = PAI. Subsequently, Equation (11) can be rewritten as: (13) Further, can be solved. ,
Retrieval of Surface Soil Moisture
In many studies, the estimation of soil moisture was accomplished while using a priori knowledge of surface roughness [50] . However, soil surface roughness is difficult to be measure once the crop starts to develop. To overcome this limitation, an inversion scheme was developed using the dual co-polarizations (HH and VV) from the quad polarization RADARSAT-2 SAR data. The effect of vegetation can be eliminated from Equation (14) by combining the simulated bare soil surface contribution and observed backscattering coefficient. After minimizing the effect of vegetation on the backscattering coefficient by the MWCM, to eliminate the influence of the surface roughness, the retrieved dielectric constant of soil can be achieved by using HH and VV polarizations backscattering coefficients as inputs to the Dubois model [50] : ,
The volumetric SSM can be retrieved through the dielectric constant while using the equation developed in [59] : ,
Overall, to retrieve the SSM from RADARSAT-2 SAR data that were collected during the wheat and soybean growing season at the pixel scale, the retrieval procedure includes a correction of surface roughness and vegetation cover effects. The vegetation effects are corrected by the MWCM. The roughness correction is based on the dual polarizations (HH and VV) of RADARSAT-2 SAR data. As the validity range of the Dubois model is constrained within , the range of validation data does not include the incidence angle below . Thus, normalization is performed with respect to a reference incidence angle of , as described in Section 2.2. Subsequently, SSM estimation is performed by applying the relationship between volumetric SSM and dielectric constant of soil.
Results and Discussion
Perfomance of MWCM
To compare the MWCM and WCM under different vegetation coverage, the behaviors of MWCM and WCM were studied as a function of vegetation coverage and PAI in HH polarization. The PAI in both models was estimated while using vegetation coverage (See Equation (12)). Figure  6a -e depicts the behaviors of backscattering as a function of vegetation coverage using the WCM and MWCM, respectively. The figure clearly shows that the radar signal is sensitive to vegetation coverage in both MWCM and WCM. The simulated soil backscattering coefficients using WCM and MWCM are nearly the same when vegetation coverage is greater than 90% (Figure 6e ). They are similar to each other when vegetation coverage is between 60% and 90% (Figure 6d, e) . They diverge from each other when the vegetation coverage is less than 60% (Figure 6b, c) . When the total backscattering coefficient is greater than -33 dB, the soil backscattering coefficient that is simulated by MWCM more significantly decreases than that simulated by WCM with the increase of vegetation coverage. When the total backscattering coefficient is less than -33 dB, the backscattering coefficient that is simulated by MWCM is less than that simulated by WCM. Note that, in the case of bare soil, when the vegetation coverage is 0%, the total backscattering coefficient and the soil backscattering coefficient simulated by MWCM is equal to each other (Figure 6a ). However, in the case of bare soil, the soil backscattering coefficient that is simulated by WCM is greater than the total backscattering coefficient. This indicates that MWCM is more sensitive to vegetation cover; therefore, it is a more suitable model under sparse vegetation cover conditions when compared with WCM.
(a) The soil backscattering was simulated using MWCM to quantify the performance of the proposed model under different PAI values (Figure 7 ). Figure 7 shows that soil backscattering decreases with an increase in PAI at both HH and VV polarizations. For HH polarization, soil backscattering exhibits a nearly vertical response once the PAI exceeds about 3.5 m 2 /m 2 . Soil backscattering at VV polarization has the same trend once the PAI exceeds about 3.0 m 2 /m 2 . It suggests that the SAR signal reaches saturation when the PAI is greater than 3.5 m 2 /m 2 for HH polarization and 3.0 m 2 /m 2 for VV polarization. It also suggests that HH polarization penetrates the vegetation canopy deeper than VV. The radar signal is unable to penetrate the vegetation, and the soil contribution can be negligible when the backscattering reaches saturation. Therefore, retrieval of SSM while using SAR data will become unreliable at high vegetation biomass. Figure 8 shows that vegetation contributes to the total backscattering, and it will influence the retrieval of SSM. Vegetation backscattering varies throughout the crop growth cycle. The simulated total backscattering coefficient is overestimated at the early growth stage of wheat at both HH and VV polarizations (6 May and 20 May) (Figure 8a, b) . The simulated total backscattering coefficient is underestimated at the late growth stage of soybean (from 17 September to 1 October) (Figure 8a, b) . It may indicate that the retrieval of soil moisture is affected by crop growth stage. 
Retrieval of Soil Moisture
Half of the data points from field surveys were randomly selected and used to calibrate the MWCM. The remaining half of the dataset was used for model validation. Figure 9 shows the resultant inversion of SSM while using the WCM and MWCM to reduce the effect of vegetation. For WCM, the relationship between the measured and predicted SSM is linear ( Figure 9 ) with a moderate correlation (R 2 = 0.60, p < 0.01, RMSE = 5.59 vol.%). We observed that most of the estimated SSM was overestimated over the wheat fields, especially when the SSM is less than 20 vol.% (Rectangle A in Figure 9 ). This phenomenon mainly occurred at early growth stages of wheat (BBCH less than 30). The radar backscattering for crops is dominated by direct scattering from the soil in early stage, and the vegetation volume scattering is negligible. The soil contribution to the total backscattering is relatively strong at the early growth stages due to low vegetation coverage [60] . When vegetation is sparse at the early stage, the backscattering increase rate from vegetation exceeds the soil backscattering reduction, due to vegetation attenuation [61] . The backscattering contribution of bare soil must be considered as a primary component in the total backscattering due to the large vegetation gap. With the development of canopy, the backscattering contribution of soil gradually weakens and then reaches the minimum values at peak biomass. When vegetation is sparse, the vegetation gap information was not considered by WCM. Therefore, the SSM was overestimated by the WCM at the early growth stage. In view of the sparse and patchy vegetation pattern during the crop growing season, the MWCM takes the backscattering of the complementary soil fraction into account. Figure 9 shows the resultant inversion of SSM while using the MWCM when considering the backscattering contribution from the bare soil as a component in the total backscattering. The predicted SSM that was achieved by the MWCM showed that the correlations between the measured and predicated SSM improved by including the effect of bare soil during the agriculture growth season (R 2 increased from 0.60 to 0.71 and the RMSE decreased from 5.59 vol.% to 4.43 vol.%), especially during the early growth stage of the wheat fields (BBCH less than 30). This suggests that the MWCM has higher sensitivity to soil moisture at relatively sparse vegetation conditions. The MWCM achieves higher accuracy in soil moisture estimation. The result demonstrates that the use of vegetation cover fractions could separate the scattering mechanisms of the fractions of vegetation cover and bare soil, and the accuracy of the SSM estimation was significantly improved.
A linear relationship between the estimated and measured SSM ( Figure 9 ) was observed; it revealed that the method proposed here could effectively estimate SSM over agriculture fields during the growing season. However, as shown in Figure 9 , the SSM values in the wet area (SSM greater than 35 vol.%) was underestimated (Rectangle B, Figure 9 ). This may be due to the high sensitivity of SAR backscattering to changes in SSM with low soil water content (SSM less than 20 vol.%). However, the SAR backscattering is less sensitive to soil moisture for wet soil (SSM greater than 35 vol.%) [62] . This behavior may also be explained through the saturation of SAR's sensitivity to dielectric permittivity under very wet conditions (SSM greater than 35 vol.%) [30, 63] . It may also suggest that this method is problematic for estimating SSM under wet conditions (SSM greater than 35 vol.%).
To better understand the behavior of the model under different vegetation conditions, prediction accuracy (RMSE), and goodness of fit (R 2 ), the achieved results are reported in Table 3 . As observed in Table 3 , the estimated soil moisture using MWCM shows a significant improvement when the percent vegetation cover is less than 60%, which implies that the modified model had higher sensitivity to relatively sparse vegetation condition. However, the accuracy did not significantly vary under relatively dense vegetation conditions (the vegetation coverage is greater than 60%). This is likely, because bare soil contributes little in the total backscattering (the bare soil contribution to the total backscattering was negligible) under relatively dense vegetation conditions. Figure 10 shows the time-series comparisons of predicted SSM averages and measured SSM averages. The time series of soil moisture show that the retrieval has sensitivity issues during the crops growing season. We observed that the predicted soil moisture was overestimated on 6 May and 20 May. Generally, good agreement was observed between the measured and retrieved soil moisture values, and the retrieval while using MWCM was better than using WCM. The bias and unbiased root mean square error (ubRMSE) were calculated for retrieved SSM using MWCM and WCM with in situ soil moisture data. As shown in Table 4 Table 4 , the ubEMSE had value between 4.577 vol.% and 8.785 vol.% for WCM and MWCM had value between 3.611 vol.% and 6.217 vol.%. Table 4 shows that positive bias was obtained for both WCM (3.392 vol.% and 3.795vol.% ) and MWCM (2.793 vol.% and 2.424 vol.%) on 6 May and 20 May. A positive bias suggests that the retrieved soil moisture is systematically overestimated when compared with the ground measurements. This phenomenon may be explained by the strong influence of vegetation. When vegetation is sparse, the backscattering increment from the vegetation exceeds the soil backscattering reduction due to vegetation attenuation [56] . The vegetation is sparse at the early growth stage; it may be because the attenuation on soil backscattering is lower than the increase of vegetation backscattering. Therefore, soil moisture at the early growth stage was overestimated. When comparing with the measured SSM, the SSM retrieval achieves the highest accuracy in the middle of crop growth stage, as shown in Figure 10 and Table 4 . It suggests that the WCM is suitable for modeling scattering of dense vegetation conditions. This also indicates that the predominant backscattering from vegetation should be volume scattering when the WCM is applied. It can be observed that soil moisture was underestimated after September 17 ( Figure 10 and Table 4 ). In this study, PAI was used as a vegetation descriptor parameter in WCM. However, vegetation water content also plays an important role in the radar signal. The vegetation dielectric constant represents the maximum capability to store, absorb, and conduct electric energy for vegetation. Over the vegetation canopy, as vegetation moisture content increases, the dielectric constant also increases. Therefore, vegetation that has a larger amount of moisture content will return more energy than drier vegetation, due to the increased dielectric constant. At the beginning of September, vegetation water content decreased due to crop maturity at the late growth stage. The vegetation backscattering was over corrected in WCM. Therefore, the retrieved SSM was underestimated using either WCM or MWCM. However, when comparing with the measured SSM and retrieved SSM, the MWCM achieved higher accuracy than that of WCM. The results reveal that SSM could be retrieved with a maximum relative error ((measured value -retrieval value)/measured value) of ±81.8% over relatively dry soil condition (soil moisture less than 20 vol.%, Rectangle A in Figure 9 ). The SSM estimation accuracy is not merely from the model simulation and inversion, but it could also be partially from the data preprocessing. The main error sources causing low accuracy SSM retrieval are attributed to: (1) Errors in the vegetation cover and PAI calculated from fisheye photos may introduce errors into the SSM retrieval. (2) SAR signals that are caused by the speckle noise may introduce errors in SSM retrieval. (3) The acquisition time for the ascending and descending orbits of RADARSAT-2 is different (morning and evening). The presence of dew drops in the morning during descending pass may act to increase the dielectric constant of vegetation [64] and result in overestimated SSM. (4) The effect of soil texture on the backscattering coefficient was not considered in this study and it could be another source of error. It should be clear that all other sources of uncertainty may also increase the uncertainty of the retrieved SSM. However, these sources of error are not severe, and such assessment is out of the scope of the research objective of this paper.
Conclusions
The study that was carried out in this paper acknowledges the problem of SSM retrieval over agriculture fields during the growing season. An algorithm aiming at improving the accuracy of SSM retrieval was proposed. The proposed algorithm was developed while using data that were collected over wheat and soybean fields in southwest Ontario, Canada, based on the MWCM and Dubois models. In this study, the MWCM was used to address issues related to sparse and patchy vegetation cover during the crop growth season. The inclusion of vegetation cover fractions satisfied the conditions for the WCM in cases of sparse vegetation cover and improved the SSM estimation because it separated backscattering from soil and vegetation. Results show that the MWCM could provide important information for a wide range of complicated environmental areas and could accurately represent vegetation backscattering in areas that were either fully or partially covered by vegetation. However, it should be noted that monitoring SSM using SAR data is affected by signal saturation when the vegetation biomass is high. An accurate estimation of soil moisture is prohibited when the SAR signal cannot penetrate the dense vegetation canopy (for HH polarization, LAI is greater than 3.5 m 2 /m 2 ; for VV polarization, LAI is greater than 3.0 m 2 /m 2 ) (Figure 7) . The MWCM is more capable of modeling SAR backscattering for relatively sparse vegetation conditions when compared with the WCM (Figure 6 ). In the MWCM, the backscattering from vegetation canopy and bare soil within a pixel can be separated. The WCM assumes that vegetation is uniformly distributed, while the MWCM considers the relative low fraction of vegetation cover and adds a backscattering component from the complementary soil fraction.
An attraction of this newly proposed method is that it can estimate soil moisture from SAR data without using the information of soil surface roughness. In this method, crop contribution to the radar response was removed in the MWCM to estimate the SSM using the Dubois model in agriculture fields. Inversion of the Dubois model can be achieved by using HH and VV backscattering coefficients to eliminate the influence of surface roughness. The SSM can then be estimated from RADARSAT-2 data. Validation of the SSM retrievals against ground measurements reveals a good correlation between the measured and estimated SSM (R 2 = 0.71, RMSE = 4.43 vol.%, p < 0.01). The model underestimates the SSM under wet conditions because of the low sensitivity of the radar backscattering coefficient to high soil moisture contents (SSM greater than 35 vol.%). In general, the retrieved values of SSM are overestimated as compared with the field measurements during early crop growth stages, due to over compensation of backscattering caused by vegetation cover. In contrast, underestimation of the retrieved soil moisture is observed during the late crop growth stage, which is associated with lower vegetation water content at senescence. When comparing with the WCM, soil moisture estimated by MWCM has a stronger correlation with in situ measurements at all times throughout the crop growing season.
Most of the previous studies on SAR backscattering modeling over agricultural fields adopted the unified vegetation assumption [65] . Thus, it was difficult to use these models during the growing season, with vegetation cover ranging from relatively sparse to dense. In the newly proposed method, vegetation coverage is incorporated into the model to calculate the contributions from both vegetation and bare soil at pixel level to precisely capture the differences of the scattering mechanisms between vegetation and bare soil. The validation results demonstrate that the proposed method has good potential for SSM retrieval of soils agriculture fields during the growing season.
